Rheumatoid arthritis (RA), an autoimmune disease, affects about 1.3 million adults in the United States alone.[1](#jcph668-bib-0001){ref-type="ref"} The strategy for treating RA has evolved from reducing joint pain toward altering disease progression and improving both radiographic and functional outcomes. Corticosteroids and nonsteroidal anti‐inflammatory drugs (NSAIDs) that reduce acute inflammation have a short onset of action, but they do not significantly change disease progression. In contrast, disease‐modifying antirheumatic drugs (DMARDs) not only treat symptoms but also slow progressive joint destruction. Methotrexate (MTX) is the most commonly used nonbiological DMARD. Nine biologic DMARDs approved for RA treatment have provided additional treatment options for patients who show an inadequate response to traditional DMARD agents.[2](#jcph668-bib-0002){ref-type="ref"} They are classified into different classes based on their mechanisms of action. They include anti‐TNFs (tumor necrosis factors) (adalimumab, certolizumab, etanercept, golimumab, and infliximab), anti‐interleukin (IL)‐1 (anakinra), anti‐IL‐6 receptor (tocilizumab), T‐cell costimulatory blocking agents (abatacept), and B cell--depleting agents (rituximab). More recently, tofacitinib, a Janus‐associated kinase (JAK) inhibitor, became the first approved orally active small‐molecule DMARD for RA.[3](#jcph668-bib-0003){ref-type="ref"}, [4](#jcph668-bib-0004){ref-type="ref"} Other oral kinase inhibitors, such as spleen tyrosine kinase (SYK) inhibitors, are also under clinical development for the treatment of RA.[5](#jcph668-bib-0005){ref-type="ref"} Aiming for higher efficacies and better safety profiles, many other efforts are under way to explore additional drug targets for RA therapies.[6](#jcph668-bib-0006){ref-type="ref"}

The development of a new therapy for the treatment of RA is costly. Generally, in early‐stage proof‐of‐concept (PoC) RA trials, the 3‐month efficacy is used as the primary endpoint, whereas the 6‐month efficacy result is relied on as the primary endpoint for late‐stage clinical trials. By leveraging the information from a large RA database derived from multiple therapeutic intervention trials, we aimed to quantitatively test such an empirical practice and to provide insight into the ability to predict long‐term clinical efficacy based on short‐term data. A model‐based meta‐analysis was conducted to explore the treatment‐effect relationships between early time points (≤3 months) and late time points (6 to 12 months). The ratio between the treatment effects obtained at the 2 time points was quantified. Given the observed differences in the onset time of drug response among different drug classes, the impact of drug class was evaluated and tested as a covariate of the scaling factor.

The American College of Rheumatology (ACR) has defined response criteria for RA treatments, and they are termed ACR scores. They include ACR20, ACR50, and ACR70, representing 20%, 50%, and 70% improvements in disease activity after treatment.[7](#jcph668-bib-0007){ref-type="ref"} Currently, ACR20 is one of the most commonly used primary efficacy endpoints in RA clinical trials leading to approval. A model‐based meta‐analysis was developed to examine longitudinal ACR20 for currently approved biologics, and it appeared that ACR20 reached a maximum treatment effect at approximately 3 months for most compounds.[8](#jcph668-bib-0008){ref-type="ref"} Given the relatively high efficacy of the more effective biological DMARDs, ACR20 may not represent the optimal clinical response outcome measure for rheumatologists.[9](#jcph668-bib-0009){ref-type="ref"} In contrast, ACR50 appears to be a better endpoint to distinguish clinically significant treatment effects between treatment arms for contemporary RA trials.[10](#jcph668-bib-0010){ref-type="ref"} Therefore, ACR50 was evaluated in our meta‐analysis.

The Disease Activity Score in 28 joints (DAS28) is another clinical efficacy endpoint that provides a quantitative measure of disease activity. In contrast to categorical ACR scores, it is a continuous variable. It is calculated using a formula based on the number of tender and swollen joints within a group of 28 joints and the level of acute‐phase reactants (eg, erythrocyte sedimentation rate \[ESR\] or C‐reactive protein \[CRP\]). Because the DAS28 is a continuous variable, the sample size can be greatly reduced for a desired power for efficacy assessment. Thus, for extended interest, DAS28 was also included as one of the exploratory analysis endpoints.

To our knowledge, a model‐based meta‐analysis of the relationship between short‐term and long‐term clinical efficacies in RA trials has not been previously undertaken. Our meta‐analysis provides a quantitative assessment based on a large pool of clinical data and demonstrates a robust correlation between 3‐month and 6‐month (or longer) ACR50 readouts.

Methods {#jcph668-sec-0020}
=======

Data Sources and Data Sets Used in the Analysis {#jcph668-sec-0030}
-----------------------------------------------

The primary data sources were controlled clinical trials for the treatment of RA. The data were published in the medical literature or were available from the FDA or accessible as EMA drug labeling information published between 1994 and 2012. Other data sources included meeting abstracts and presentations. The objective was to include all the information on biologic DMARDs as well as synthetic DMARDs currently approved or in development for RA. Only randomized controlled RA trials with at least 12 weeks of treatment were included. Collected clinical efficacy endpoints included ACR20, ACR50, ACR70, and DAS28 (DAS28‐ESR). A master data set was generated by filtering the database for trials reporting ACR50 efficacy for at least 2 time points (2‐week, 1‐, 2‐, 3‐, 6‐, or 12‐month points) as well as trials reporting the corresponding placebo efficacies. This resulted in a total of 68 trials comprised of 13 drug classes and 28 drugs with which the exploratory analysis was conducted (Table [2](#jcph668-tbl-0002){ref-type="table-wrap"}).

A final data set was further filtered for trials with both 3‐month and 6‐month ACR50 outcomes. Trials with placebo patients switched to treatment at 3 months were excluded from the data set. Seven drug classes and 12 drugs were encompassed by this analysis, including (1) anti‐TNF: etanercept, infliximab, adalimumab, certolizumab, golimumab; (2) anti‐IL‐1: anakinra; (3) T‐cell costimulatory blocking agents: abatacept; (4) B‐cell‐depleting agents: rituximab; (5) anti‐IL‐6 receptor: tocilizumab; (6) JAK kinase inhibitor: tofacitinib; and (7) SYK kinase inhibitor: fostamatinib. Model‐based analysis was performed on the final data set (Table [1](#jcph668-tbl-0001){ref-type="table-wrap"}). Similar analyses were also performed on relationships between 3‐ and 12‐month ACR50 values as well as 2‐ and 6‐month ACR50 values with separate filtered data sets specified in Table [2](#jcph668-tbl-0002){ref-type="table-wrap"}.

###### 

Summary of the Final Data Set Used to Model the Relationship of the ACR50 Treatment Effect Between 3 Months and 6 Months

  Name of Drug            Class of Drug           Number of Trials   Number of Arms   Number of Patients                                                                                                                                            References
  ----------------------- ---------------------- ------------------ ---------------- -------------------- -----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
  Adalimumab              anti‐TNF                       6                 20                2729                              [14](#jcph668-bib-0014){ref-type="ref"}, [15](#jcph668-bib-0015){ref-type="ref"}, [16](#jcph668-bib-0016){ref-type="ref"}, [17](#jcph668-bib-0017){ref-type="ref"}, [18](#jcph668-bib-0018){ref-type="ref"}, [19](#jcph668-bib-0019){ref-type="ref"}
  Certolizumab            anti‐TNF                       5                 13                1977                                                   [20](#jcph668-bib-0020){ref-type="ref"}, [21](#jcph668-bib-0021){ref-type="ref"}, [22](#jcph668-bib-0022){ref-type="ref"}, [23](#jcph668-bib-0023){ref-type="ref"}, [24](#jcph668-bib-0024){ref-type="ref"}
  Etanercept              anti‐TNF                       6                 13                1553                              [25](#jcph668-bib-0025){ref-type="ref"}, [26](#jcph668-bib-0026){ref-type="ref"}, [27](#jcph668-bib-0027){ref-type="ref"}, [28](#jcph668-bib-0028){ref-type="ref"}, [29](#jcph668-bib-0029){ref-type="ref"}, [30](#jcph668-bib-0030){ref-type="ref"}
  Golimumab               anti‐TNF                       3                 10                1308                                                                                            [31](#jcph668-bib-0031){ref-type="ref"}, [32](#jcph668-bib-0032){ref-type="ref"}, [33](#jcph668-bib-0033){ref-type="ref"}
  Anakinra                anti‐IL‐1                      1                 6                 419                                                                                                                                      [34](#jcph668-bib-0034){ref-type="ref"}
  Tocilizumab (Actemra)   anti‐IL‐6R                     7                 16                4326          [35](#jcph668-bib-0035){ref-type="ref"}, [36](#jcph668-bib-0036){ref-type="ref"}, [37](#jcph668-bib-0037){ref-type="ref"}, [38](#jcph668-bib-0038){ref-type="ref"}, [39](#jcph668-bib-0039){ref-type="ref"}, [40](#jcph668-bib-0040){ref-type="ref"}, [41](#jcph668-bib-0041){ref-type="ref"}
  Ocrelizumab             anti‐CD20                      1                 4                 145                                                                                                                                      [42](#jcph668-bib-0042){ref-type="ref"}
  Ofatumumab              anti‐CD20                      1                 2                 260                                                                                                                                      [43](#jcph668-bib-0043){ref-type="ref"}
  Rituximab               anti‐CD20                      2                 5                 1247                                                                                                                [44](#jcph668-bib-0044){ref-type="ref"}, [45](#jcph668-bib-0045){ref-type="ref"}
  Abatacept               anti‐CD28                      5                 12                2069                              [46](#jcph668-bib-0046){ref-type="ref"}, [47](#jcph668-bib-0047){ref-type="ref"}, [48](#jcph668-bib-0048){ref-type="ref"}, [49](#jcph668-bib-0049){ref-type="ref"}, [50](#jcph668-bib-0050){ref-type="ref"}, [51](#jcph668-bib-0051){ref-type="ref"}
  Fostamatinib            SYK kinase inhibitor           1                 3                 457                                                                                                                                      [52](#jcph668-bib-0052){ref-type="ref"}
  Tofacitinib             JAK kinase inhibitor           2                 13                840                                                                                                                 [53](#jcph668-bib-0053){ref-type="ref"}, [54](#jcph668-bib-0054){ref-type="ref"}
  (MTX)                   (DMARD)                                                                                                                                                                                                     [28](#jcph668-bib-0028){ref-type="ref"}
  TOTAL                                                  40               117               17 330        

John Wiley & Sons, Ltd.

###### 

Data Sets Used in Different Analysis Scenarios[\*](#jcph668-tbl2-note-0001){ref-type="fn"}

  Data Set   Analysis Scenarios                       Number of Trials   Number of Arms   Number of Patients   Number of Drug Classes   Number of Drugs
  ---------- --------------------------------------- ------------------ ---------------- -------------------- ------------------------ -----------------
  1          ACR50 exploratory assessment                    68               257               27 176                   13                   28
  2          3‐ to 6‐ month ACR50                            40               117               17 330                   7                    12
  3          3‐ to 12‐ month ACR50                           11                27                5606                    5                     7
  4          2‐ to 6‐ month ACR50                            32                87               15 152                   6                    11
  5          DAS28 exploratory assessment                    22                69                6560                    6                    10
  6          1‐ to 6‐ month DAS28                            12                29                4551                    6                     7
  7          Additional data for extended analysis           4                 9                 901                     2                     2

\*Data were included only if the trial had ACR50 or DAS28 reported at both time points of interest for each scenario.

John Wiley & Sons, Ltd.

Analysis Methodology {#jcph668-sec-0040}
--------------------

The clinical response ACR50 is a summary level result derived from individual patient binary responses (yes or no) in each trial arm. The number of patients (X) achieving ACR50 responses for the jth arm of the ith trial at time point t with sample size N (N~ij~) was assumed to follow a binomial distribution at the 3‐month or 6‐month time point: $$X_{ijt} \sim {binomial}\left( {N_{ij},P_{ijt}} \right)$$

The probability of a patient achieving ACR50 (P~ijt~) was restricted to the range of 0 to 1, and a logit transformation was applied to the ACR50 value. Because the sample size (N~ij~) in each trial arm was sufficiently large, a large sample normal approximation to the binomial likelihood was used to fit the ACR50 response with the following model with variance *P*(1 -- *P*)/N for the mean incidence:

$$P\left( {{ACR}50} \right)_{ijt} = f\left\{ \theta_{it} + {}{trt}_{ij}*\lambda_{t} \right\}$$where the function f{x} is the inverse logit transformation, f{x} = exp(x)/\[1 + exp(x)\], to constrain probabilities between 0 and 1. Parameters θ~it~ are the logit‐transformed probabilities of ACR50 for the control arm in the ith trial at time point t, and trt~ij~ are the treatment effects for the jth treated arm from the ith trial. Parameter λ~t~ is the scaling factor that represents the ratio of the treatment effects, and we set λ at 3 months, ie, λ~3~ = 1. The 3‐month and 6‐month relationships can also be expressed in a log odds ratio (OR) format: $$\log\, OR_{6} = \lambda\,\log\, OR_{3}$$where OR~3~ and OR~6~ are the odds ratios of the treated arm to the control arm in achieving ACR50 at the 3‐month point and the 6‐month point, respectively. Although ΔACR50 is more frequently used clinically by rheumatologists, the treatment effect expressed here in term of odds ratio to the control is found to be more accurately analyzed for the binomially distributed ACR50. Results of ACR50 were analyzed using nonlinear regression implemented in the generalized nonlinear least‐squares (gnls) and nonlinear mixed‐effect (nlme) routines in S‐PLUS 8.2.

Due to the large variability of the ACR50 response in the control arm and because of the primary interest in the scaling factor of the treatment effect, a different fixed effect was estimated for each control group in every trial and time point. The scaling factor was estimated with both a fixed effect and a random intertrial variability. During the model development, the intertrial variability was not statistically significant; therefore, the intertrial variability was removed from the final model, and only a fixed effect was estimated for the scaling factor. There was no significant between‐trial heterogeneity in the scaling factor. The interarm variability was accounted for by the binomial distribution of the response variable.

The dependencies of the scaling factor λ on various covariates were evaluated in the model. These covariates included the following: (1) drug classes, 7 drug classes were tested individually or as either "TNF blockers" or "non‐TNF blockers"; (2) mean value of patient baseline DAS28 for each arm, a continuous variable measured at predose to reflect the severity of the disease; (3) the patient population, a categorical variable that separated trials into "MTX naive (N = 4)," "DMARDs‐IR (inadequate responder) or MTX‐IR (N = 33)," or "TNF‐IR (N = 3)" groups; (4) the mean value of the disease duration in years for each arm; (5) the magnitude of the control arm response; (6) other demographic variables such as mean body weights and sex. Model selection was based on a log‐likelihood ratio test at an acceptance level of *P* = 0.05.

Additional data sets from 4 Roche RA clinical trials (including data from 901 patients treated with 2 drug classes: MAb1 and MAb2, unpublished data) were obtained after the meta‐analysis. They were combined and used as an external validation data set to examine the relationship between treatment effects at 3‐month and 6‐month data points.

We also explored the relationship between DAS28 readouts at early and late time points. DAS28‐ESR results were included. Our interest stemmed from the fact that using it for efficacy assessment permitted a smaller sample size for a desired statistical power. A collection of 22 trials that reported DAS28 at either of 2 time points (2 weeks, 1, 2, 3, or 6 months) was included in this exploratory analysis (Table [2](#jcph668-tbl-0002){ref-type="table-wrap"}).

Results {#jcph668-sec-0050}
=======

Overview of the Short‐Term to Long‐Term Efficacy Relationships {#jcph668-sec-0060}
--------------------------------------------------------------

The initial exploratory analysis utilized a master database that contained a total of 68 randomized trials in RA, representing data from more than 27 000 patients treated with 13 different drug classes. These trials reported ACR50 data from at least 2 of the following time points: 2 weeks, 1 month, 2 months, 3 months, 6 months, or 12 months. To explore the relationship between ACR50 treatment effects at early and later time points, a matrix of pairwise scatter plots was made for ΔACR50 (difference from control) (Figure [1](#jcph668-fig-0001){ref-type="fig"}a) or log OR (treated vs control) (Figure [1](#jcph668-fig-0001){ref-type="fig"}b) among these time points. The treatment effect after 3 months was observed to be strongly correlated with that seen after 6 months (with a correlation coefficient R^2^ = 0.90) or 12 months (R^2^ = 0.95). The treatment effect after 2 months was moderately correlated with that at 6 months (R^2^ = 0.61) or 12 months (R^2^ = 0.76), whereas treatment effects measured earlier than 2 months had much weaker correlations with either 6‐ or 12‐month efficacy (R^2^ ≤ 0.32). These observations encouraged us to further characterize the correlation between 3‐month and 6‐month treatment effects in ACR50.

![Pairwise correlations of the treatment effects (ACR50) between early and late time points. The treatment effect for each treated arm is expressed either in linear format (ΔACR50, panel A) or in log OR format (odds ratio of treated vs control; panel B). In each scatter plot the symbols represent the treatment effect at a later time point (specified at the right end of each row) vs that at an early time point (specified at the top of each column). Symbol size reflects the sample size for each treatment arm. The value of R^2^ for paired values is indicated at the right bottom corner. Unity (dashed) lines represent equal efficacies of the early and late time points, whereas points above the lines suggest higher efficacies at the late time point, and points below the lines suggest higher efficacies at the early time point.](JCPH-56-835-g001){#jcph668-fig-0001}

Observed Relationship Between 3‐Month and 6‐Month ACR50 Treatment Effects {#jcph668-sec-0070}
-------------------------------------------------------------------------

A data set that included only 3‐month (12--14 weeks) and 6‐month (24--26 weeks) ACR50 values was filtered from the master data set. A total of 40 randomized controlled trials were included in the final data set, representing data from 17,330 patients who were treated with 7 different drug classes (Table [1](#jcph668-tbl-0001){ref-type="table-wrap"}).

The trials included in the database ranged from phase 1 to phase 3, and the control arms differed from placebo control to active comparator control. In that database we observed a strong correlation of either ΔACR50 (Figure [2](#jcph668-fig-0002){ref-type="fig"}a) or log OR values (Figure [2](#jcph668-fig-0002){ref-type="fig"}b) between readouts at 3‐month points and 6‐month points, and the variability was moderate. Most data points were distributed around and centered along the unity line, indicating that treatment effects were similar at both time points.

![Strong correlations were observed between the treatment effects at 3 months and 6 months. (a) Scatter plot of the linear form of treatment effect, ΔACR50, at 6 months vs 3 months. (b) Scatter plot of log odds ratios of treated vs control at 6 months vs 3 months. The symbols represent different drug classes. The symbol size reflects the sample size for each treatment arm. The unity line represents equal efficacies at the 2 time points. Both plots suggest a similar mean effect after 3 months and 6 months for the trials tested in the database. With this data set the scaling factor was estimated to be 0.997 (95%CI: 0.903, 1.09). ACR50, American College of Rheumatology score 50; CI, confidence interval.](JCPH-56-835-g002){#jcph668-fig-0002}

Model Development and Covariate Tests {#jcph668-sec-0080}
-------------------------------------

A generalized nonlinear model was used to quantify the relationship between early time points (2 or 3 months) and late time points (6‐ or 12‐month) based on ACR50 data. Both the control arm and the treated arm were fitted simultaneously in the model. A scaling factor (λ) was used in the model to correlate the 3‐month efficacy to the 6‐month efficacy. The scaling factor was estimated to be 0.997 with 95%CI of (0.903, 1.09), indicating a consistently strong correlation between 3‐month and 6‐month ACR50 treatment effects in these clinical trials.

We tested covariates that might have impacted the relationship. These included drug class, specific patient populations, patient baseline disease severity (indicated by baseline DAS28 level), average disease duration, the magnitude of the control arm response, as well as various demographic variables such as age and sex. The observed "scaling factor," which is the ratio of 6‐month to 3‐month log OR of "treated to control," was calculated in each case. The ratios are plotted in Figure [3](#jcph668-fig-0003){ref-type="fig"} for different covariates such as drug classes (Figure [3](#jcph668-fig-0003){ref-type="fig"}a), baseline DAS28 levels (Figure [3](#jcph668-fig-0003){ref-type="fig"}b), magnitude of ACR50 response of the control arm (Figure [3](#jcph668-fig-0003){ref-type="fig"}c), and disease duration prior to the treatment (Figure [3](#jcph668-fig-0003){ref-type="fig"}d). These plots indicate that the scaling factor was independent of any of the covariates evaluated. Thus, none of the evaluated covariates showed a strong effect.

![Observed 3‐ to 6‐month treatment scaling factor is independent of various covariates tested. Scaling factor λ was not statistically significantly impacted by the various covariates tested, including (a) drug class, (b) baseline DAS28 score, (c) the magnitude of control arm ACR50 at 3 months, and (d) averaged patient disease duration. Dotted line shows the model‐predicted scaling factor (λ = 0.997). Symbol size in scatter plots reflects the sample size in each treatment arm.](JCPH-56-835-g003){#jcph668-fig-0003}

Extended Analysis {#jcph668-sec-0090}
-----------------

To validate findings from this meta‐analysis, we obtained 4 additional unpublished data sets (N = 901, Table [2](#jcph668-tbl-0002){ref-type="table-wrap"}) from Roche clinical trials studying treatments of RA. The objective of the external validation was to further confirm the consistent trend of mean scaling factor that is independent of drug class. Consistent with previous findings, the ACR50 treatment effects observed in these 4 trials at 3 months and 6 months were highly correlated (correlation coefficient R^2^ = 0.893). The scatter plots in Figure [4](#jcph668-fig-0004){ref-type="fig"} demonstrated a consistent relationship between the 3‐month and 6‐month ACR50 responses for these 4 trials as compared with the rest of the data points from the final database. When the data from these 4 trials were pooled with the meta‐analysis final database, the scaling factor was reestimated to be 1.01 with 95%CI (0.91, 1.10), very similar to the initial estimate based on published data.

![Additional data sets further validated a consistent relationship between treatment effects determined after 3 months and 6 months. Scatter plots overlay the additional data (MAb1 and MAb2) with the model‐evaluated data set 2 (Table [2](#jcph668-tbl-0002){ref-type="table-wrap"}) for (a) the ΔACR50 readouts at 6 months vs 3 months and (b) the log odds ratios of treated vs control at 6 months vs 3 months. The unity line represents equal efficacies at the 2 time points. The symbols represent different drug classes, and solid symbols represent the data points from the external data set. The symbol size reflects the sample size for each treatment arm. With the additional data set, the scaling factor was reestimated to be 1.01 (95%CI: 0.91, 1.10), very similar to the estimated values shown in Figure [2](#jcph668-fig-0002){ref-type="fig"}.](JCPH-56-835-g004){#jcph668-fig-0004}

As stated in the Methods section, an exploratory analysis of DAS28 readouts was also conducted using a similar approach to that for ACR50. We constructed a scatter plot of pairwise ΔΔDAS28 (differences between the treatment arm and the control arm of baseline‐adjusted DAS28 values) at early time points and late time points (Figure [5](#jcph668-fig-0005){ref-type="fig"}). In contrast to ΔACR50, a strong relationship between early and late ΔΔDAS28 readouts was evident as early as 1 month, suggesting that a 1‐month ΔΔDAS28 may be indicative of the 3‐ or 6‐month ΔΔDAS28 outcomes. Due to the small number of trials (n = 12) reporting DAS28 at both the 1‐month and 6‐month readouts, further covariate testing was not performed.

![Pairwise scatter plots of ΔΔDAS28 between early and late time points. In each plot the symbols represent the observed ΔΔDAS28 at a later time point (specified at the far right end of each row) vs an early time point (specified at the top of each column). Symbol size reflects the sample size of each treatment arm. Unity (dashed) lines represent equal efficacies at the early and late time points; points above suggest a higher efficacy at a late time point, and points below suggest a higher efficacy at an early time point. DAS28, disease activity score in 28 joints.](JCPH-56-835-g005){#jcph668-fig-0005}

Discussion {#jcph668-sec-0100}
==========

Meta‐analyses have been widely used to facilitate the development of drugs for many diseases.[11](#jcph668-bib-0011){ref-type="ref"} These analyses are useful for interpreting safety and efficacy results from many trials. They also allow indirect comparisons of different treatment options as well as the characterization of the relationships between different endpoints. Mandema et al.[2](#jcph668-bib-0002){ref-type="ref"} applied a nonlinear regression model to compare the dose‐response relationship among anti‐TNFs and other biologics for ACR20, 50, and 70 efficacy endpoints. Demin et al used a longitudinal model to quantify ACR20 responses and to support the decision‐making process for the development of an in‐house biologic drug for RA.[8](#jcph668-bib-0008){ref-type="ref"} Other analyses compared efficacy and safety data between treatments using relative risk ratios or odds ratios to a common comparator.[12](#jcph668-bib-0012){ref-type="ref"}, [13](#jcph668-bib-0013){ref-type="ref"} The focus of our analysis was to quantitatively assess the relationship between short‐term and long‐term treatment effects based on a large RA database.

Based on 40 controlled randomized clinical trials for treatment of RA, we demonstrated that the 3‐month readout of ACR50 is a reasonable predictor of a drug\'s long‐term efficacy. With diverse mechanisms of action for various biological DMARDs, different treatment durations might be required to achieve a maximal effect. Thus, one would assume that a longer time point might be needed to demonstrate maximal efficacy. However, the results of our meta‐analysis suggested that the treatment effects measured by the ACR50 at 3 months were highly correlated with those at 6 months, and the scaling factor for the treatment effect (in term of odds ratios to the control) was close to 1. Even though the absolute value of ACR50 may be higher at 6 months than at 3 months, the treatment effect after adjusting for the control arm effects was very similar at both time points (Figure [2](#jcph668-fig-0002){ref-type="fig"}), and this result held true for all drug classes evaluated. Four unpublished data sets from additional RA trials were used as an external validation, and they further confirmed a consistent trend regardless of drug classes. Therefore, such a trend can be widely used to guide drug development of new drugs.

The fact that the 3‐ to 6‐month efficacy scaling factor was close to 1 implies that efficacy is approaching a "plateau" after 3 months of treatment. To further confirm this conclusion, a similar approach was applied to quantify the relationship between 3‐ and 12‐month ACR50 readouts. Consistent with earlier findings, a high correlation was also observed between 3‐ and 12‐month readouts, and the estimated scaling factor (λ~2~) was also centered close to 1 (λ~2~ = 1.19 with 95%CI values of \[0.971, 1.410\]). Although there was noise for the scaling factor for some individual trials, the trend of the estimated scaling factors suggested that 3‐month efficacy in general is highly representative of the long‐term efficacy. Hence, this outcome offers a quantitatively robust rationale for decision making based on short‐term clinical outcome in the development of therapeutics for RA treatment.

Our analysis supports the empirical practice seen in many PoC studies in which 3‐month efficacy results were heavily relied on to make "GO/NO GO" decisions for molecules under development. Such a decision entails risk in cases when short‐term efficacy readouts do not translate well into robust long‐term clinical efficacy. Our meta‐analysis lends credibility to the industry approach by demonstrating a highly correlated relationship between ACR50 treatment effects at 3‐ and 6‐month time points using a model‐based approach.

Efforts were also made to determine whether readouts at even earlier time points, such as 1 or 2 months, could robustly project long‐term outcomes, hence allowing companies to accelerate drug development. Results showed that after 1 month treatment effects measured by ACR50 correlated only weakly with that seen at 6 months. In contrast, a moderate correlation was observed between ΔACR50 at 2 months and 6 months (Figure [1](#jcph668-fig-0001){ref-type="fig"}b). The scaling factor was estimated to be 1.05 based on 32 trials in 5 drug classes (that had both 2‐ and 6‐month readouts available), and it was not affected by the drug class. Therefore, the ACR50 efficacy measured as early as 2 months may provide an insightful projection regarding whether the treatment has any meaningful benefit compared with the control arm.

In contrast to the ACR50 as a categorical endpoint, the DAS28 is a continuous variable. DAS28 is becoming more attractive in early‐stage clinical trials because the trial sample size can be greatly reduced for the desired power level. Our exploratory analysis of the DAS28 readout at different times suggested that DAS28 readouts as early as 1 month appeared to correlate strongly with long‐term efficacy readouts (Figure [5](#jcph668-fig-0005){ref-type="fig"}). In addition, DAS28 demonstrated faster response kinetics than ACR50. It is speculated that key components of the DAS28 score, ie, the CRP or ESR, contribute to the rapid demonstration of the treatment effect because they reflect acute‐phase responses to inflammation. It should be noted that DAS28 data are not as rich as ACR50 data in the database, so the outcome of this assessment needs to be interpreted with caution.

There are some caveats to the analysis. First, in order to focus on quantifying the relationship between treatment effects of 2 readout time points and to avoid any impact of control arm effects, a nonparametric approach was used for every control group in every trial and time point. The advantage is that no arbitrary assumption had to be made on the distribution of the control arm response; hence, the within‐trial relationship between 3‐ and 6‐month responses can be analyzed in the most unbiased manner. Second, the model is more readily applicable to predictions of a later time point response using earlier readouts within the same trial rather than across trials. In cases of cross‐trial prediction, intertrial variability should be taken into account. The present meta‐analysis included 3 trials of small‐molecule nonconventional DMARDs, including tofacitinib and fostamatinib. The limited data from the available trials showed no significant differences in the relationship between 3‐ and 6‐month treatment readouts compared with biologics. Future robust analyses may be carried out when sufficient clinical data are available.

In conclusion, our study is the first that quantitatively demonstrated a strong relationship between 3‐month and 6‐month clinical efficacy readouts in RA clinical trials for different classes of therapies using model‐based meta‐analysis. A scaling factor that represented ratios of the treatment effect from 3 months to 6 months was estimated to be 0.997 (95%CI 0.903, 1.09), suggesting that the treatment effect at 3 months was reaching an "efficacy plateau" and could well predict the 6‐month outcome. It is beneficial to reduce the duration of early clinical trials assessing proof of concept for a particular mechanism of action. Thus, our findings support empirical practices seen in most PoC studies in which 3‐month results are utilized. Furthermore, even earlier time points (eg, 2‐month outcome) can also be considered to provide insight into drug efficacy and be used for an early evaluation of the clinical success rate. Finally, it is recognized that early efficacy readouts may be helpful at the PoC stage, but this does not supplant the need for longer‐term safety monitoring that must be accrued in the later stages of clinical development.
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